Phylogeneticists have developed several statistical methods to infer recombination among molecular sequences that are evolutionarily related. Of these methods, Markov change-point models currently provide the most coherent framework. Yet, the Markov assumption is faulty in that the inferred relatedness of homologous sequences across regions divided by recombinant events is not independent, particularly for non-recombinant sequences as they share the same history. To correct this limitation, we introduce a novel random tips (RT) model. The model springs from the idea that a recombinant sequence inherits its characters from an unknown number of ancestral full-length sequences, of which one only observes the incomplete portions. The RT model decomposes recombinant sequences into their ancestral portions and then augments each portion onto the dataset as unique partially observed sequences. This data augmentation generates a random number of sequences related to each other through a single inferable tree with the same random number of tips. While intuitively pleasing, this single tree corrects the independence assumptions plaguing previous methods while permitting the detection of recombination. The single tree also allows for inference of the relative times of recombination events and generalizes to incorporate multiple recombinant sequences. This generalization answers important questions with which previous models struggle. For example, we demonstrate that a group of human immunodeficiency type 1 recombinant viruses from Argentina, previously thought to have the same recombinant history, actually consist of two groups: one, a clonal expansion of a reference sequence and another that predates the formation of the reference sequence. In another example, we demonstrate that two hepatitis B virus recombinant strains share similar splicing locations, suggesting a common descent of the two viruses. We implement and run both examples in a software package called StepBrothers, freely available to interested parties.
Introduction
The exchange of genetic information through homologous recombination substantially contributes to the diversity of life (Posada et al., 2002) . Only recently recognized outside of sexually reproducing organisms (Temin, 1991) , recombination is now expounded as a critical process in natural viral reproduction and pathogenesis (Rambaut et al., 2004) . Two human viruses where recombination has clinical relevance are the human immunodeficiency virus-1 (HIV) and the hepatitis-B virus (HBV). In several regions of the world, including Southeast Asia (Zhang et al., 2006) and Eastern Europe (Adojaan et al., 2006) , recombinant strains of HIV dominate the AIDS epidemic. Similarly, recombinant strains of HBV have been found in Asia (Hannoun et al., 2000) and Africa (Owiredu et al., 2001 ).
To better appreciate the history, diversity, and ancestry of recombinant genomes, researchers have developed several approaches to infer recombination from molecular sequences of putative recombinants and representative parentals. In a recent simulation study comparing popular methods for recombination detection, Chan et al. (2006) show that Bayesian phylogenetic-based methods have the best accuracy at detecting recombination events as well as recovering the point of recombination on simulated data. In addition, such likelihoodbased methods allow for formal statistical inference on the recombination process. Other approaches that do not rely on formal statistical models are able to illuminate simple facts about the existence and properties of recombinants, but they provide results increasingly difficult to interpret, especially as hypotheses about recombination become more complex.
Bayesian phylogenetic-based methods fall into two separate forms. The first uses a hidden-Markov model (HMM), where the hidden states are discrete phylogenetic topologies (Husmeier & McGuire, 2003) ; the second form uses Markov change-point (MCP) processes to model the spatial changes in evolutionary history along the genome (Suchard et al., 2003; Minin et al., 2005) . Overall, the advantages of the MCP models outweigh the advantages of the HMM models. Chan et al. (2006) show that the MCP models recover recombination events and the location of recombination breakpoints better than HMM models. Further-more, the MCP models uniquely account for other forms of evolutionary process heterogeneity along the data, most importantly rate variation. Failure to account for such rate variation, particularly common in viruses, can lead to a high false-positive rate of recombination detection in real data (Dorman et al., 2002) .
In spite of these advantages, MCP models assume the topologies summarizing the phylogenetic relationship of sequences at any two alignment sites separated by a recombination breakpoint are independent. Although this assumption may hold for recombinant sequences, it clearly does not for non-recombinant sequences. To correct this poor assumption, we propose a more flexible framework for defining sequence relatedness across recombinant breakpoints. This framework, deemed the random tips (RT) model, permits the inference of evolutionary histories where the number of tips on the phylogenetic tree is not fixed, but is determined by the number of recombinants and breakpoints in the data.
An illustration helps demonstrate how a fixed number of sequences can generate a random number of tips ( Figure 1 ). The figure depicts the history of three sequences F , G, and H all sampled contemporaneously as they descend from a single common ancestor, sequence A. As shown, G is a recombinant sequence; the left hand portion of G derives from sequence D, and the right hand portion derives from sequence E. At the time of recombination, both D and E were full-length, but G, the only contemporaneous record of these parental forms, retains information only from the leftmost portion of D and the rightmost portion of E. Assuming for the moment that we know G is a recombinant, we split it into two separate sequences G 1 and G 2 , such that G 1 contains the leftmost portion of D, G 2 the rightmost portion of E, and both have missing information everywhere else. Sequences G 1 and G 2 represent our best current inference about the ancient sequences D and E. Once G is split at the recombinant breakpoint, we recover a bifurcating topology (right-hand side of Figure 1 ), where evidence of recombination is indicated by the fact that G 1 is most closely related to F , but G 2 is most closely related to H. This strategy of data splitting or augmentation has several advantages. The strategy avoids the assumption of branch length and topological independence for sequences not sharing the selected breakpoint. The use of a single phylogenetic tree maintains a time ordering on the evolutionary histories, allowing for the possibility of timing or at least bounding the time of recombination events. The ability to date recombinants is necessary to establish their role in epidemics and to tease apart the events giving rise to complex recombinants.
The RT model naturally extends to the case of multiple recombinant sequences, permitting researchers to test if two or more recombinant sequences share a recombination event in time and sequence space.
A major difficultly with the RT model is the greatly expanded tree space. The space of all trees with a fixed number of tips is already extremely large, but the RT space contains all rooted bifurcating trees with a variable number of tips. Such a large space challenges prior specification. We overcome this issue by assuming a Yule-like branching process on the tree (Edwards, 1972) . The other difficulty with the RT model springs from the sampling scheme required to make inference. Since the model space contains trees with a variable number of tips, we employ a reversible-jump Markov chain Monte Carlo (MCMC) sampling scheme (Green, 1995) .
We organize this paper as follows. Section 2 introduces the RT model, provides an example for clarity, and gives an outline of the MCMC scheme. In the next section, we apply the RT model to both HIV and HBV datasets. Section 4 discusses the model's limitations and future directions for research. Extensive derivations are found in the online supplementary material (http://www.biostatistics.oxfordjournals.org).
Model
The RT model uses a Bayesian phylogenetic framework. We develop the model likelihood and prior in the next two subsections and then turn to methods to draw inference under this model. For more background information on traditional phylogenetic modeling, we refer the reader to Felsenstein (2003) . corresponds to the molecular character at site s of sequence n, where n = 1, . . . , N. Allowable molecular characters include the standard four nucleotides {A,G,C,T/U}, wild-card characters, and gaps introduced into the alignment prior. We denote a wild-card by a * ; it signifies the presence of a completely unobserved character. We order the sequences so that the first P sequences, P p , p = 1, . . . , P , are the known non-recombinant or possible parental sequences and the remaining R sequences, R r , r = 1, . . . , R, are the putative recombinant sequences, with P + R = N and P ≥ 2.
Likelihood
The decision whether to consider a specific sequence as a recombinant or parental ultimately relies upon the data. In our experience, investigators know or have defined specific strains as parental sequences. This occurs with both the HIV and HBV datasets we examine.
Of course, we do not believe all datasets reflect such a nice distinction between parental and recombinant. For some bacterial datasets, nearly all sequences may demonstrate recombinant characteristics, an observation that limits the reach of the RT model. Still, these types of data reiterate that a statistician needs to tailor the model to the data, not the other way around.
We follow standard likelihood-based phylogenetic modeling and assume that sites are independent given the site specific model parameters θ s that characterize the evolutionary process (Felsenstein, 2003) . We parametrize θ s through a rooted bifurcating tree τ s , a
vector of bifurcation times T s along τ s , and a continuous-time Markov chain rate matrix Q s .
The matrix Q s = {q uv } s , u, v ∈ {A, G, C, T/U}, provides the instantaneous transition rates for a continuous-time Markov process representing nucleotide substitution; Q s follows the parametrization of Hasegawa et al. (1985) that includes a site-specific rate multiplier µ s , the ratio of the transition rate and the transversion rate κ s , and the stationary distribution of the process π s = (π As , π Gs , π Cs , π T s ). The finite-time transition matrix derives as P s (x) = e xQs = {p(u, v)|x} s , such that {p(u, v)|x} s is the probability that nucleotide u mutates into nucleotide v along a branch of length x. For identifiability between x and Q s , we normalize Q s so that µ s is the expected number of substitutions along a branch of unit length 1. We set the stationary distribution π s , at every site s, equal to the empirical nucleotide frequencies of the whole alignment (Li et al., 2000) .
To avoid severe over-fitting of the data, we employ a parsimonious Bayesian MCP approach (Suchard et al., 2003; Minin et al., 2005) . Rather than allowing each individual site s to have a distinct set of parameters θ s , we assume 1+R underlying MCP processes. The first MCP process describes the joint variation in the substitution process across all sequences.
The remaining R processes partition the alignment into recombinant segments.
For the first MCP, we assume an unknown number J +1 of non-overlapping intervals such that κ s and µ s are the same for every site in a given interval. The intervals are partitioned at
Then for all sites s ∈ [ρ j−1 , ρ j ), κ s = κ j and µ s = µ j . We collect these parameters into vectors κ = (κ 1 , κ 2 , . . . , κ J+1 ) and µ = (µ 1 , µ 2 , . . . , µ J+1 ).
The specification of the other R MCP processes that determine τ s and T s is considerably trickier. We assume that for every recombinant sequence R r , there are an unknown number M r +1 non-overlapping intervals and ξ r corresponds to the vector of recombinant breakpoints
the Introduction, each of the intervals [ξ r,m−1 , ξ rm ), m = 1, . . . , M r + 1, corresponds to a fragment of a partially observed sequence R rm . For sites s ∈ [ξ r,m−1 , ξ rm ), the nucleotide character of R rm at site s is the nucleotide character of R r at s. If s / ∈ [ξ r,m−1 , ξ rm ), the character of R rm at site s is a * . We collect all the ξ r into ξ = (ξ 1 , ξ 2 , . . . , ξ R ), and all the
We can now construct τ and T. In this construction, we drop the subscript s since every site s has the same τ and T. Recombinant R r consists of M r + 1 fragments; so across all recombinants there are a total of R r=1 M r + R = M partially unobserved sequences. Using these sequences, we create an augmented dataset Y aug with P + M total sequences. The first P sequences of Y aug are P p ordered according to p, and the next M are the partially observed sequences R rm ordered first by r and then by m.
From the variable sized Y aug , we can naturally define τ as a rooted bifurcating tree with P + M external tips, such that each tip l a corresponds to the a th sequence in Y aug , a = 1, . . . , P + M. When a ≤ P , we refer to l a as a parental tip; otherwise we refer to l a as a recombinant tip. We label the root of τ as b 1 , and its time of bifurcation t 1 as 1. The remaining internal bifurcation nodes b i , i = 2, . . . , P + M − 1, are time-ordered so that the
We define the parental tree to be that obtained from τ by removing all recombinant tips and corresponding b i . We place all t i in the vector T and require the distance from every l a to b P +M −1 to be 1. At a given site s, τ satisfies a molecular clock. Finally, due to identifiability problems with the likelihood, we restrict τ to lie in a subset of the space of all bifurcating trees with P + M tips; a point we return to in Section 2.4.
Using the definitions above, we set θ s = (τ, T, κ s , µ s ), and θ = (θ 1 , . . . , θ s ). With this parametrization and the assumption of site independence, we write the likelihood as Felsenstein (1981) .
We appreciate the complexity of the RT model notation; for clarity, Figure 2 summarizes the important quantities for a specific model realization. The figure assumes two parental sequences P 1 and P 2 , and two recombinant sequences R 1 and R 2 , all of length 300 in Y obs .
Sequence Corresponding to the substitution change-point at site 150, there exists a κ 1 , κ 2 , µ 1 , and µ 2 , such that sites s ∈ [1, 150) evolve according to κ 1 and µ 1 ; the remaining sites evolve under κ 2 and µ 2 .
Using Figure 2 as a guide, we see that transforming Y obs into Y aug generates 7 sequences: 
Prior
We complete our model formulation by specifying a prior distribution over the evolutionary substitution change-point process (J, ρ, κ, µ) and the recombination breakpoint processes (M, ξ) with corresponding (τ, T). The substitution change-point process finds a direct analog in Minin et al. (2005) . In brief, we assume J follows a truncated Poisson distribution with prior expectation δ. Given J, the substitution change-point locations ρ are uniform over all possible unordered selections from S − 1 choices. The vectors (κ j , µ j ) follow a standard hierarchical prior over Ê 2 after suitable transformation with estimable location and scale parameters φ. The distributions for (κ j , µ j ) are independent of each other given the hyperparameters φ (Minin et al., 2005; Gelman, 2006) .
The specification of (τ ,T) and (M,ξ) differs substantially from that found in Minin et al. (2005) and requires further discussion. Traditional Bayesian phylogenetic reconstruction grows from the premises of a fixed tree size. However, the RT model lives in a parameter space that grows with a variable number of tips. The space is also extremely large. Therefore, a noninformative prior over all trees places unreasonable mass on trees with unrealistically large numbers of recombination events.
As an alternative, we return to the roots of Bayesian phylogenetic inference (Rannala & Yang, 1996) and consider each tree as sprouting from a Yule process. The Yule process defines a pure birth branching process that is time homogeneous and begins with the first bifurcation event of a single particle into two. At any time in the process, extant particles divide independently with infinitesimal-time probability λ. If one identifies the bifurcation points with the internal nodes b i of τ , then the differences between branch lengths in T, e.g. t 5 − t 4 or t 6 − t 2 , become exponential waiting times until division. Following Edwards (1972) , for a given λ, the Yule process gives the joint probability density of an labeled, rooted bifurcating tree τ and branch length vector T, given V tips and t 1 = 1 as
We use this density as the joint prior of τ and T, where V = M + P . In this density, the parameter λ determines the tendency of branches to sprout closer to the sampling time, such that larger values of λ increase the tendency. Since we usually want branches to sprout uniformly over the tree a priori, we set λ = 0.05. However, in most standard phylogenetic problems, the posterior remains highly robust against larger values of λ since the likelihood dominates the prior.
The final pieces of the puzzle are the priors for M and ξ. We assume M r follows a truncated Poisson distribution with expectation η r , η = (η 1 , . . . , η R ). Since M jointly affects the probability of τ and T, the induced hierarchical prior on (M 1 , M 2 , . . . , M R ) generates a positive correlation on the M r . For typical values of η, this correlation is usually small with values below 10%.
Given M, we assume a joint prior over ξ. While we could simply assume each ξ r is independently and identically distributed uniformly over M i choices from S − 1 locations, this does not allow us to model the prior probability that two or more R r share the same breakpoint. Also, with this independence prior, the prior probability that a recombinant breakpoint coincides with two or more sequences is unrealistically small, usually less than 1%.
To correct these shortcomings, we develop an urn model that we first describe when R = 2. Assume we have two urns with S − 1 labeled balls each of weight 1. The balls in the first urn represent locations in the sequence space of the first recombinant, while balls in the second urn represent the second recombinant. We select M 1 balls from the first urn and M 2 balls from the second urn and note the number of matching pairs O selected. We model the probability of the sample as
where w ≥ 0 and W is a normalizing constant. Physically, each of the M 1 + M 2 balls contributes 1 unit of weight to the sample; but, depending on w, the model adds extra "weight" to samples based on the number of shared pairs, more shared pairs implies a larger aggregate weight and a larger probability of occurrence. When w = 0, the model reduces to a product of independent priors, but as w grows large, the probability of at least one shared breakpoints soon dominates the probability of none. For R recombinants, we model ξ as
where
We provide a derivation of W in the supplementary material. The specification of O takes into account the size of an overlap breakpoint: a breakpoint that contains three separate sequences contributes two overlaps to O, four separate sequences contributes three overlaps to O, and so on. We take w as a known constant. In a setting similar to one in which our data live, setting w = 1000, S = 3224, R = 2, and η = (3.7,5.2) so that the E(M) = (3, 4), the prior probability at least two breakpoints overlap is roughly 28%.
Posterior
The posterior distribution of the RT model falls out naturally using Bayes theorem. Specifically, if we let Θ define the collection of all model parameters, the posterior distribution of
(2.5)
To make inference on Θ, we employ an MCMC sampler that we describe in Section 2.5.
Identifiability Issues
We restrict the tree τ to lie in a subspace of T , the set of all rooted bifurcating trees τ , where the number of tips of trees in T can vary over a bounded set. The restrictions are necessary for two reasons. The space T is potentially too large for efficient exploration because of the data augmentation procedure, and T is not completely identifiable with respect to the data likelihood.
To manage the first difficulty, we assume the topological relationships of the P parental sequences is known. Fixing the parental history remains reasonable for recombination inference involving distantly related parentals, such as those found in inter-subtype HIV and HBV evolution.
To appreciate the second restriction and its implications for data identifiability, we need to define a recombinant neighborhood N (l a ) for a tip l a . Intuitively, N (l a ) is the collection of all recombinant tips on τ that share a common bifurcation point b i with l a . To be more precise, we establish a family of working sets related to l a . We define the first working set to be H 0 = ∅ or the empty set, and the next working set be H 1 = {l a }. Then, starting at l a , we move upwards along τ towards b 1 , and stop at the first bifurcation node b i . The next working set H 2 includes all the descendant tips of this b i , note l a ∈ H 2 . We continue this process of moving towards the root until we reach the root, at which point, we define our last working set and group all the working sets into H = {H 0 , H 1 , H 2 , . . .}. Now, N (l a ) is the set with the largest cardinality in H that does not include any parental tips. For any b i , we also define N (b i ) in the same way, except now H 1 includes all descendant nodes of b i .
As an example, we illustrate the recombinant neighborhood definition on Figure 2 . For
Using the recombinant neighborhood definition, we can be precise about the identifiability issue. Let l a and l a+1 on τ correspond to one R r , and assume N (l a ) = N (l a+1 ). Since Y aug is ordered by m, l a corresponds to some R rm and l a+1 corresponds to R r,m+1 . By the construction of ξ r , R rm and R r,m+1 share a boundary, ξ rm . Now, from basic phylogenetic principles, if R rm and R r,m+1 are combined into a single sequence R ⋆ rm , and l a (or l a+1 ) is removed from τ so that R ⋆ rm corresponds to l a+1 (or l a ) on τ ⋆ , the likelihood does not change.
In other words, the model can only identify the break ξ rm if the two corresponding sequences on either side of ξ rm do not have the same recombinant neighborhood. Or in more formal terms, if θ ⋆ represents the likelihood parameters without ξ rm , we have the situation where f (Y obs |θ) = f (Y obs |θ ⋆ ) and θ = θ ⋆ . Hence, a necessary condition that we impose for likelihood identifiability, is that for all τ and all tips l a and l a+1 pertaining to the same R r , N (l a ) N (l a+1 ) = ∅. This problem does not occur for tips such as l a and l a+2 because they are not adjacent in the sequence space.
The topology within each recombinant neighborhood is allowed to vary for two reasons. If tips from two or more recombinants are present in the same recombinant neighborhood, the topological structure within the neighborhood will affect the likelihood. Second, a change in the topology of the neighborhood can affect the prior through the sum of the branch lengths.
In addition to topological identifiability, changes in branch lengths within a recombinant neighborhood do not affect the data likelihood. However, the Yule-like tree prior influences these parameters, so the model posterior is identifiable, and importantly, we do not need to draw inferences about these heights. As an example, consider node b 3 and time t 3 in Figure 2 . Due to the data augmentation, adjusting t 3 does not affect the data likelihood, but adjusting t 2 does. In later sections, we call nodes such as b 3 recombinant nodes and all others likelihood nodes to highlight about which nodes heights the data inform us.
Sampling
We employ a Metropolis-within-Gibbs MCMC sampler to gain samples from p(Θ|Y obs ). Because this sampler needs to move in the complicated parameter space of Θ, we implement a variety of transition kernels; details of which are found in the supplementary material. Importantly, since the number of parameters in the model is unknown, we employ the reversible jump MCMC sampler of Green (Green, 1995 We demonstrate the benefits of the RT model on data from two sets of viral recombinants, one from HIV and the other from HBV. We show how the RT model permits analysis and comparison of multiple recombinants in order (1) to deduce whether they descend from the same recombinant ancestor or multiple distinct recombination events, and (2) to date or at least bound the recombination events in time.
HIV circulating recombinant form 12 (CRF 12) affects patients in Argentina, Bolivia, Brazil, and Uruguay (Carr et al., 2001; Quarleri et al., 2004) . To better characterize the di- Upon conducting a nationwide survey of HBV in China to better characterize the prevalence and diversity of the disease, Zeng et al. (2005) identify genetic material from eight patients that appear to descend from the D strain of HBV, but after more careful analysis, including full genome sequencing, the authors discover that the eight strains are recombinant HBV stains between HBV type C and type D . Our goal is to determine whether these strains share at least one recombination event in their histories.
HIV
We use the RT model to explore the relationship of recombinants in each sub-clade to the CRF 12 reference sequence (GenBank #AF385936). We select two patient sequences, 112567
(GenBank #AY365861) and 113314 (GenBank #AY365871) from the sub-clade containing same parental sequences as Quarleri et al. (2004) : A (GenBank #AF069671), B (GenBank #M17449), C (GenBank #AF110978), and F (GenBank #AF005494) We set the parental tree to be ((A,F), (B,C)). We treat the bifurcation times on τ as as parameters that we infer, only the underlying parental tree topology remains fixed. We align the sequences first using an automated alignment program and then manually correct for obvious errors. Since the pol region of HIV is relatively conserved, we feel the assumption of a fixed and known alignment has little impact on the results. For all analyses, we set w = 0 and η so that 0 breakpoints occur with 50% prior probability.
We start off with separate, independent analyses to classify each recombinant sequence.
As Figure 3 We now compare each patient sequence to CRF 12. If a patient sequence and CRF 12 both descend from the same recombinant parent and have not experienced further recombination, then the two sequences should have the same recombinant neighborhoods throughout the genome. To summarize this information, we obtain the posterior probability that two sites, one from each of the recombinants, land on recombinant tips in the same neighborhood. If this occurs, we say these sites overlap on τ . We plot these posterior probabilities for all sites s in the patient sequences and sites s Figure SF-1. In both cases, the dark regions present extremely strong evidence that the patient sequence derives from CRF 12. Through simulation, we find a 12% prior probability that any two sites overlap on τ . Thus, a 90% posterior probability in Figures 3(a) and SF-1 translates into a BF of 66. In Figure 3 (b) we see that patient 103520 differs from the two others; only one large area of similarity is shared with CRF 12.
Our final analysis in this section explores the timing of recombination. Since the RT model utilizes a single phylogenetic tree τ , a time-ordering is maintained on τ , from which an upper bound on the time of recombination can be inferred for each break. Consider the first break in R 1 in Figure 2 . Here, the left portion of R 1 corresponds to tip l 3 , and the right portion corresponds to l 4 . Noting this relationship, we see that the most recent common ancestor of tips l 3 and l 4 diverges from τ p at time t 2 , while l 3 and l 4 diverge at t 5 . We focus on t 2 rather than t 3 since t 3 corresponds to a recombinant node, as defined in Section 2.4.
With these two times, t 2 and t 5 , we can infer an upper bound on the time of recombination by noting that the first recombination breakpoint in R 1 occurred before the min(t 2 ,t 5 ) = t 5 .
Using the procedure just outlined, we consider such an upper bound as a proportion of the total tree height on each sequence using univariate analyses. To conduct this analysis, we use a different B parental (GenBank #AF156836) than Quarleri et al. (2004) since their B parental was sampled approximately 14 years earlier than the other sequences in the dataset. Because the topological space of our model can vary, we condition on the topological structure (F,B,F,B,F) for CRF 12, 112567, and 113314, and (F,B,F,B) for 103520. In Table   1 , we present the upper bounds for all four breaks. We believe the estimates from each analysis are comparable because the bifurcation time of the parental sequences A and F and the bifurcation time of the parental sequences B and C remain relatively constant in all four analyses (B-C difference < 0.04; A-F difference < 0.01).
As shown in the table, the bounds for CRF 12, 113314, and 112567 generally group together. Sequence 103520, however, does not fit the pattern of the other three sequences; its bounds are relatively higher than the other three. To gain a better handle on the results
in Table 1 , we roughly translate these proportions into actual dates. To do this, we follow Korber et al. (2000) and use the year 1930 as the date of divergence for subgroup M in HIV-1. As the sequences in our dataset were approximately sampled in the year 1998, we can translate the proportions into approximate dates using linear interpolation. With a little work, we see that the upper bound times for sequences CRF 12, 113314, and 112567 all fall around 1980 CRF 12, 113314, and 112567 all fall around (1976 CRF 12, 113314, and 112567 all fall around -1984 , while the upper bounds for sequence 103520 fall in the early 1970's (1971-1972) .
The 95% posterior credible intervals corresponding the estimates Table 1 are all quite wide and overlap in all four sequences at all four breaks. For example, the RT model provides (0.03, 0.33) as a credible interval for the first break in 113314. Therefore, we should not credit these differences as statistically significant. Still, the results do suggest another difference between the recombination histories of the three patient sequences.
As a whole, these results favor the hypothesis of differences between the recombination histories of three patient sequences. This implies that a discordance exists between the two sub-clades from Quarleri et al. (2004) . While not presented here, we conduct further analysis on additional sequences in each sub-clade. Even though it is difficult to generalize all the results, we find that sequences in the sub-clade containing CRF 12 tend to have two large areas of overlap with CRF 12 and four recombinant breakpoints; the results are similar to the results from sequences 112567 and 113314. Sequences in the other sub-clade however have only three recombinant breakpoints and one large area of overlap with CRF 12; the results are similar to those from 103520. Therefore, from our analyses, the two sub-clades found in Quarleri et al. (2004) represent distinct recombination histories: one sub-clade shares its breakpoints with CRF 12 and most likely represents an expansion of this variant across the population, while the second sub-clade exposes a unique pattern that apparently pre-dates the formulation of CRF 12.
As with any statistical analysis, some issues remain with these results. In particular, the results in Figures 3(b) , 3(c), and SF-1 demonstrate one or two large areas of similarity with CRF 12, but the ambiguous results in the lower two areas beg for further explanation.
Biologically, the results could simply imply that further recombination events occurred at the first two breaks. Other reasons include a lack of informative sites and violations of the strict molecular clock assumption across τ . These same issues can also affect the dating analysis, but we leave them for future research.
HBV Recombinant
We now explore the relationship of two HBV sequences (GenBank #AF460143 and #AY817511), the later published in Wang et al. (2005) . For our analysis, we use 8 parental sequences: 3 D strains (GenBank #M32138, X02496, X72702), 3 C strains (GenBank #X02496, D12980, AB014381), 1 B strain (GenBank #D23677), and 1 A strain (GenBank #AF297623). We set η ≈ (3.7, 5.2) so that E(M) = (3, 4), and align the sequences in a similar method as the HIV example. All sequences are of length 3224.
While several features of the two sequences are comparable, we focus our attention on the location of the recombination breakpoints within the two recombinant sequences. In particular, we conduct a BF test whether the two sequences share at least one recombinant 
Discussion
The RT model presented in this paper fosters clear advantages over previous methodologies.
With its more appropriate assumptions regarding the recombination history, the RT model allows researchers to bound times of recombination and infer relationships between multiple recombinant sequences. Without these two new forms of data analysis, we would not have discovered the discordant recombination histories in Section 3.1.
A few aspects of the RT model deserve more attention. The RT model relies upon a strict molecular clock assumption: the substitution rate µ along τ remains constant. In some data situations, strong evidence exists that µ changes along τ as time progresses. In these situations, assumption of a constant rate can lead to incorrect topology estimation (Ho & Jermiin, 2004) . For these reasons, we plan to explore alternatives to a strict molecular clock for the RT model. Such alternatives include the relaxed clock model of Drummond et al. (2006) , but issues arise with model identifiability.
Beyond the molecular clock assumption, the RT model also requires at least two parental sequences to be present in the data. For intrahost sequences from rapidly evolving viruses, this requirement may not hold because a substantial minority of the sequences present in the data may be recombinants. To handle this more extreme case, a new technique for phylogenetic-based recombination detection exploiting ancestral recombination graphs (ARGs) may afford a future solution. First developed by Hudson (1983 Hudson ( , 1990 ) and later by Griffiths & Marjoram (1996) , an ARG is a graph much like a phylogenetic tree, but allows for the complete characterization of the recombination history for all sequences present within the data. The ARG's benefits include the removal of the a priori distinction between parental sequences and recombinant sequences. Also, ARGs naturally generalize and extend the RT framework presented in this paper. By simply constraining certain sequences from recombining in an ARG, we can find a surjective function from ARG space to RT tree space.
We further elaborate on this function in Supplementary Figure SF-4. Even so, for the ARG, the sequence data contains no more information about the recombination times than the bounds provided by the RT model. So, until sampling methods for ARGs advance to match the field's successes with trees, we endorse the use of random-tipped trees.
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We thank Vladimir Minin for helpful discussion and providing the source code to DualBrothers upon which StepBrothers is based. We also wish to thank two anonymous referees for their helpful comments. Figure 1 : Hypothetical evolutionary history relating recombinant sequence G to its two parental sequences, F and H. Sequence A is the ancestral sequence, and sequences F , G, and H are the sampled sequences. Since the first half of sequence G derives from sequence D, while the second half of sequence G derives from sequence E, we split sequence G into two separate sequences, G 1 and G 2 . The blank portions of sequences G 1 and G 2 are missing data, coded as wild-cards. Once the dataset becomes augmented, we infer a phylogenetic tree on the four sequences. Figure 2: Relationship between the observed data Y obs , the augmented data Y aug , and a phylogenetic tree τ with a random number of tips. Sequences P 1 and P 2 in Y obs represent the parental sequences that do not split in the model. Sequences R 1 and R 2 represent the putative recombinant sequences, which can split. For the recombinant sequences in Y aug , the black regions represent data from the corresponding full length recombinant in Y obs , while the white regions represent wild-cards (missing data). Each tip l a on τ represents a sequence in Y aug , and the b i represents bifurcation points that occur at times t i . 
